Abstract: Cyanobacterial harmful algal blooms (CHABs) have been a concern for aquatic systems, especially those used for water supply and recreation. Thus, the monitoring of CHABs is essential for the establishment of water governance policies. Recently, remote sensing has been used as a tool to monitor CHABs worldwide. Remote monitoring of CHABs relies on the optical properties of pigments, especially the phycocyanin (PC) and chlorophyll-a (chl-a). The goal of this study is to evaluate the potential of recent launch the Ocean and Land Color Instrument (OLCI) on-board the Sentinel-3 satellite to identify PC and chl-a. To do this, OLCI images were collected over the Western part of Lake Erie (U.S.A.) during the summer of 2016, 2017, and 2018. When comparing the use of traditional remote sensing algorithms to estimate PC and chl-a, none was able to accurately estimate both pigments. However, when single and band ratios were used to estimate these pigments, stronger correlations were found. These results indicate that spectral band selection should be re-evaluated for the development of new algorithms for OLCI images. Overall, Sentinel 3/OLCI has the potential to be used to identify PC and chl-a. However, algorithm development is needed.
Introduction
At the beginning of 2016, the launch of the Sentinel-3A satellite-the first of a row of consecutive satellites-stimulated research and service development for inland waters using Earth Observations [1] . On-board this satellite is the Ocean and Land Color Instrument (OLCI) which was developed by the European Space Agency (ESA) [2] and has a spectral configuration that is suitable for the monitoring of water quality [1] . This sensor fills the gap in images left by the demise of its predecessor: the Medium Resolution Imaging Spectrometer (MERIS) which was functioning from 2002 to 2012. Additionally, the Sentinel 3/OLCI is expected to contribute to the remote monitoring of cyanobacteria harmful algal blooms (CHABs), because of its unique spectral band configuration which has a spectral band centered at 620 nm.
The remote sensing of CHABs in inland waters is based on the remote estimation of chlorophyll-a (chl-a) [3] and phycocyanin (PC) [4] . However, chl-a is not an accurate indicator of CHABs because it is a common pigment to almost all phytoplankton groups [5] . In contrast, PC is an accessory pigment unique to inland water cyanobacteria, which is characterized by its absorption feature at 620 nm [6] [7] [8] [9] . Thus, the information around this wavelength is essential for the monitoring of CHABs. Since MERIS and OLCI are the only multi-spectral orbital sensors with a band centered at 620 nm [2] , the launch of the Sentinel 3/OLCI was expected for many environmental managers and scientists. Since MERIS was used to monitor cyanobacteria and to develop bio-optical algorithms for the estimation of PC, it is expected that OLCI will also be capable of such tasks [10] [11] [12] .
Previous studies developed remote sensing algorithms for the quantification of PC concentration using MERIS spectral bands [5, 8, 13, 14] . Recently, studies assessed the capability of OLCI to remotely
Measured Pigments
PC and chl-a concentrations were measured by the Great Lakes Environmental Research Laboratory (GLERL) in collaboration with the Cooperative Institute for Great Lakes Research (CIGLR). They monitor eight stations bi-weekly in May/June and weekly from July to October (with some variance between years). In the manuscript, PC and chl-a concentration measured from water samples collected in the subsurface (0.75m) between 2016 to 2018 were used to match up with Sentinel 3/OLCI images. Figure 1 shows GLERL/CIGLR sampling locations in the Western region of Lake Erie, U.S.A. Chl-a-concentration was measured by concentrating lake water on a Glass Fiber Filter (GF/F) filter (Whatman, 47 mm). The extraction of the pigment from this filter was conducted with acetone under low light and analyzed with a 10 AU fluorometer [20] . For PC concentration measurements, concentrated lake water on a GF/F filter (Whatman, 47 mm) were extracted in phosphate buffer (Ricca Chemical, pH 6.8) using two freeze-thaw cycles, followed by sonication [21] . The extracted solution was fluorometrically measured on a Turner Aquafluor fluorometer, and fluorescence values were converted to PC concentration using a calibration curve from a series of dilutions of a commercial standard (Sigma-Aldrich). 
Satellite Imagery

Data Acquisition
Satellite images were acquired from the Copernicus Online Data Access (REProcessed) managed by the European Organization for the Exploitation of Meteorological Satellites (EUMETSAT) [22] . Sentinel-3A OLCI Full Resolution (FR) Level-1 product and Sentinel-3A OLCI Full Resolution (FR) Level-2 water quality products were downloaded for the dates matching up the weekly samplings in Lake Erie, U.S.A. A total of 22 cloud-free images were found from 2016 to 2018 over Lake Erie. From these 22 images, 13 images were acquired on the same day of the field sampling, 5 images were acquired the day before the field sampling, and 4 images were acquired the day after the field sampling.
Atmospheric Correction
As described in the previous section, two types of products were downloaded: the Sentinel-3A OLCI Full Resolution (FR) Level-1 product and the Sentinel-3A OLCI Full Resolution (FR) Level-2 water quality product. The Level-2 water quality product uses an Alternative Atmospheric Correction algorithm (AAC) for the atmospheric correction. This algorithm is based on a neural network procedure which uses as inputs top-of-atmosphere reflectances (corrected for absorbing gases and smile effect) and observation geometry [23] . Through this process, it provides waterleaving reflectances and aerosol optical thickness in different wavelengths. While this Level 2 product provides an atmospheric corrected image, the Level 1 product provides the original image. To perform the atmospheric correction on the Level 1 product, the Case 2 Regional Coast-Colour (commonly known as C2RCC) was used. The C2RCC is available through the European Space Agency's Sentinel Toolbox, and it is used to generate the Case 2 water products in Sentinel 3/OLCI. The algorithm is also based on a neural network algorithm which relies on a large database of simulated water-leaving reflectances and related top-of-atmosphere radiances [24] .
Evaluation of OLCI Imagery to Retrieve PC and chl-a
Atmospheric Correction Comparison
To select the best product, we compared the two atmospheric correction procedures: one from the Level 1 product processed with the C2RCC algorithm and the Level 2 product processed with the AAC algorithm. Since no in situ remote sensing reflectance (Rrs) spectra were available, the comparison between these two atmospheric correction procedures was based on the spectral differences between Rrs spectra from both images. Additionally, normality and t-test were used to 
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Evaluation of OLCI Imagery to Retrieve PC and chl-a
Atmospheric Correction Comparison
To select the best product, we compared the two atmospheric correction procedures: one from the Level 1 product processed with the C2RCC algorithm and the Level 2 product processed with the AAC algorithm. Since no in situ remote sensing reflectance (R rs ) spectra were available, the comparison between these two atmospheric correction procedures was based on the spectral differences between R rs spectra from both images. Additionally, normality and t-test were used to evaluate if the R rs spectra were statistically different from one atmospheric correction method to another. To do that, each spectral band was compared to its respective spectral band in the other atmospherically corrected product. The t-test (t) was used when the dataset passed the normality test, and if it did not pass the normality test, a Mann-Whitney U test (U) was used.
Remote Sensing Algorithms Comparison
Remote sensing algorithms can be divided into different types, such as empirical, semi-empirical, semi-analytical, and quasi-analytical [25] . In this study, only semi-empirical algorithms were evaluated since semi-empirical algorithms have been commonly used to estimate PC and chl-a concentration. The most common structures of semi-empirical algorithms are two bands algorithms (2BDA), three bands algorithms (3BDA) and normalized difference algorithms (commonly named indices) [26, 27] . For PC estimation, the 2BDA usually uses the R rs at 620 nm which is related to the absorption of the PC, and the R rs at 709 nm which is related to the scattering of particles [4, 8] . The same bands are usually used for the normalized difference algorithm [28] and for the 3BDA, which also uses the R rs at 665 nm, which is related to the absorption of chl-a [5] . For the chl-a estimations, 2BDA usually uses the R rs at 665 nm and the R rs at 709 nm [29] while the 3BDA adds the R rs at 754 nm, which is related to the absorption of pure water [30] . The normalized difference algorithm for chl-a estimation uses the R rs at 665 nm and the R rs at 709 nm [31] . A summary of these remote sensing algorithms is presented in Table 1 . * Adjusted for OLCI spectral bands.
OLCI Spectral Bands and Cyanobacterial Pigments
To evaluate the use of OLCI spectral band for the estimation of PC and chl-a concentration, the relationship between each spectral band and pigments was explored using images acquired on the previous day, on the same day, and one day after the field sampling. These relationships were explored using scatter plots and linear regressions [27] . Moreover, the relationship between PC and chl-a and band ratios were explored via the use of a two-dimensional (2D) color correlation plot which was computed using a web-tool named "Interactive Correlation Environment" (ICE) [32] . ICE computes all possible spectral band ratios and analyses the relationship (via a correlation coefficient, an absolute correlation coefficient or a determination coefficient) with the pigment concentration. The best band-ratio relationship for each pigment was evaluated using scatter plots and linear regressions.
Results
Atmospheric Correction of OLCI Images
To evaluate the best atmospheric corrected product to retrieve R rs from an OLCI image, images from 22 August 2016 and 13 September 2016 from both atmospheric correction procedures were used. For the image from 22 August 2016, all spectral bands passed the normality test, and the t-test showed that there is a statistically significant difference between the spectral bands centered at 400 nm and 412.5 nm (P ≤ 0.001). For the other spectral bands, no statistically significant difference was found (Table 2 ). For the image from September 13, 2016; spectral bands centered at 400, 412.5, 442.5, 490, 510, 708.75, and 753.75 nm failed the normality test. The Mann-Whitney U test (U) and t-test (t) showed that only the spectral bands centered at 560 and 708.75 nm were different (Table 2) . The statistical analysis showed that both atmospheric correction algorithms have similar performance for some of the spectral bands. To select which atmospheric correction algorithm performed better, R rs spectra were plotted ( Figure 2 ). Figure 2A ,B show that for the shorter wavelengths, the algorithms performed differently, which agrees with the statistical analysis ( Table 2 ). Figure 2A shows that spectral features were similar while in Figure 2B , spectral features for the longer wavelengths were different (as shown in Table 2 ). It was observed that the image from September 13, 2016, the ACC algorithm overcorrected the R rs for the shorter wavelengths ( Figure 2B ) having negative intensities. Because of these observations, the C2RCC algorithm was selected as the most appropriated for computing R rs .
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Remote Sensing Models Evaluation
Several studies evaluated remote sensing algorithms based on the simulation of OLCI spectral bands [10] [11] [12] . This study evaluated the performance of the most common semi-empirical algorithms. Table 3 presents the determination coefficient (R 2 ) and the root mean square error (RMSE) for remote sensing algorithms for PC and chl-a concentration estimation from OLCI images. The performance was evaluated using all images, images collected on the same day of the field sampling, on the day before the field sampling, and during the day after the field sampling. All six selected algorithms showed poor performance for all four datasets-R 2 values lower than 0.2. For the dataset using all images, the range of PC concentration was 0 to 538.38 µg/L while for the chl-a concentration the range was 2.18 to 531.7 µg/L. To calculate the normalized RMSE (NRMSE) and be able to compare the RMSE for all datasets, the concentration range for each dataset was used to divide the RMSE. Therefore, the 3BDA-PC showed an NRMSE 12%, while the NDCI showed an NRMSE 9%. Other ranges of PC were 0.41 to 26.37 µg/L for the images collected on the day before the field campaign, 0 to 538.38 µg/L for the images collected on the same day of the field campaign, and 0.25 to 170.39 µg/L for the images collected the day after the field campaign. Chl-a ranges were 4.43 to 51.92 µg/L for the images collected on the day before the field campaign, 2.18 to 531.7 µg/L for the images collected on the same day of the field campaign, and 4.77 to 183.42 µg/L for the images collected the day after the field campaign.
Although the values of the NRMSE showed lower percentages, because of the low R 2 values, it was observed that the selected remote sensing algorithms could not be used to estimate cyanobacterial pigments from OLCI images. Table 3 . Statistical estimators for each algorithm for chlorophyll-a (chl-a) and PC estimation.
Algorithm
All Images (n = 164) Day Before (n = 40) Same Day (n = 97) Day After (n = 27) 
Single and Band Ratio Evaluation
Since remote sensing algorithms did not perform well, an analysis of each spectral band from OLCI was performed to evaluate the use of OLCI for the monitoring of PC and chl-a concentration. To do that, the linear relationship between each spectral band and PC and chl-a concentration were evaluated using R 2 values. Figure 3 presents the R 2 values for each spectral band for the four datasets: all images dataset, before the field campaign dataset, same day as the field campaign dataset, and the day after the field campaign dataset. Figure 3A presents the linear relationship between each spectral band and PC concentration, which is higher for the datasets of images collected before and on the same day of the field campaign for all spectral bands. Figure 3B presents the R 2 values for the relationship between each spectral band and chl-a concentration. For the shorter wavelengths, images from the same day of the field campaign showed higher R 2 values, while for longer wavelengths, images from the day before the field campaign showed higher R 2 values. Compared to the relationship among PC and chl-a concentration and remote sensing algorithms (Table 3) , single bands resulted in a higher R 2 for PC estimation and a similar performance with chl-a estimations. The spectral band centered at 490 nm obtained an R 2 = 0.27 for the estimation of PC using images from the day before the field (Figure 3 ) while 3BDA-PC obtained an R 2 =0.13 for the same dataset (Table 3) . For the chl-a estimation, the spectral band centered at 753.75 nm obtained an R 2 = 0.15 for the estimation of chl-a using images from the day before the field campaign (Figure 3 ) while 2BDA-CL obtained an R 2 = 0.16 for the same dataset (Table 3 ). In addition to the improvement of R 2 values, the relationship between spectral bands and pigments is still weak (R 2 values lower than 0.3).
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Sensitivity to Lower Concentrations
Discussion
Sensitivity to Lower Concentrations
The low performances of remote sensing algorithms for both PC and chl-a estimations were surprising. However, based on the results presented in the previous section, it was observed that the lowest R 2 values could be related to the lower pigment concentrations. Ruiz-Verdu et al. [33] showed that for the estimation of PC, remote sensing algorithms did not perform well for PC concentrations lower than 50 µg/L. Figure 6 presents the boxplots for PC ( Figure 6A ) and chl-a ( Figure 6B ) concentrations for each dataset. It was observed that all median values for PC concentrations were lower than 10 µg/L, especially for the dates where satellite images were acquired after the field campaign ( Figure 6) . Therefore, the poor performance of remote sensing models could be linked to the use of datasets with most of the PC concentrations lower than 10 µg/L and chl-a lower than 50 µg/L.
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The results from the presented study indicate that Sentinel 3/OLCI could be used to monitor cyanobacteria pigments, however, traditional remote sensing algorithms should be re-formulated. For PC concentration estimation, it is suggested to use spectral bands centered at 681 and 620 nm. Figures 4A and 4C showed that for datasets with a higher range of PC concentration, the reflectance 
Previous results suggest that the development of new remote sensing algorithms is needed for the estimation of PC and chl-a using OLCI. While traditional remote sensing algorithms for PC and chl-a use R rs spectral features, such as the trough around 620 nm, the trough at 665 nm, and the peak near 700 nm (see Table 1 for algorithms), this study showed that other spectral bands may be used to estimate cyanobacteria pigments from OLCI. For PC monitoring, most of the algorithms use the R rs around 620 nm which is primarily associated with PC absorption [4] [5] [6] [7] [8] [9] and the R rs around 709 nm which is generated by the absorption by pure water in the near infrared and the absorption of chl-a around 665 nm [35] . Some studies also use the R rs around 650 nm, which is related to the fluorescence of PC [36] . The spectral band centered at 681 nm was only used in the spectral shape algorithm [37] , which will be changed to cyanobacterial index [38] . The authors explained that at 681 nm, the presence of cyanobacteria would create a negative spectral shape because of the cyanobacteria, which overwhelms the fluorescence signal. The spectral shape algorithm (or cyanobacteria index) was developed for MERIS images over Lake Erie, U.S.A., and it is currently being applied in the Lake Erie HAB Bulletin [39] . For chl-a remote sensing algorithms other than the already mentioned spectral bands, it is common to have a spectral band centered around 753 nm, which is related to the absorption of pure water [30] .
The results from the presented study indicate that Sentinel 3/OLCI could be used to monitor cyanobacteria pigments, however, traditional remote sensing algorithms should be re-formulated. For PC concentration estimation, it is suggested to use spectral bands centered at 681 and 620 nm. Figure 4A ,C showed that for datasets with a higher range of PC concentration, the reflectance at 620 nm is strongly correlated to the reflectance at longer wavelengths. This is explained by the spectral features of PC which are usually related to longer wavelengths, such as the fluorescence at 650 nm and cell's scattering at 709 nm, as well as chl-a absorption around 665 nm and chl-a fluorescence around 681 nm. For chl-a concentration estimation, it is suggested to use spectral bands centered at 442.5 and 620 nm. The R rs around 442.5 nm is commonly used for chl-a estimation in ocean waters, and it is primarily related to the chl-a absorption [40] ; however, the use of the band centered at 620 nm to estimate chl-a is uncommon, since it is related to the absorption of PC. Figure 5A ,C showed that at 620 nm, the reflectance was strongly correlated to shorter wavelengths and slightly weaker correlations to longer wavelengths. Based on these results, a re-evaluation of spectral band selection for remote sensing algorithm is needed for Lake Erie, U.S.A., and it could be needed for other aquatic systems as well. Thus, this analysis has highlighted the need to re-evaluate the use of traditional algorithms on OLCI images.
Additionally, the use of the spectral band around 681 nm for PC estimation in Lake Erie could be related to an empirical factor, which could explain the fact that the spectral shape algorithm (or cyanobacteria index) did not perform well in other study sites [12] . Thus, this spectral feature around 681 nm should be explored in further studies, especially in Lake Erie. Thus, future works should focus on the bio-optical characterization of Lake Erie waters, to fully understand the dependence of the use of the band around 681 nm for the estimation of PC.
Conclusions
The analysis presented in this study showed that traditional remote sensing algorithms for PC and chl-a estimation did not perform well on Sentinel 3/OLCI images over Lake Erie, U.S.A. Although in this study, only images of Lake Erie were analyzed, these findings could be used as a guide for other aquatic systems. The same way that traditional remote sensing algorithms were not able to retrieve PC and chl-a information from Lake Erie, they could show the same poor performances in other environments. Based on these results, the importance of an evaluation of remote sensing algorithms using real satellite images not only using proximal remote sensing. Nevertheless, the evaluation of single bands and band ratios showed a stronger relationship (higher R 2 values, Table 4 ) to PC and chl-a concentration when compared to traditional remote sensing algorithms. This indicates that for the monitoring of CHABs in Lake Erie, it is important to develop new remote sensing algorithms and/or change the selection of spectral bands in the existing algorithms.
The analysis of single and band ratios related to PC and chl-a concentration showed that instead of the spectral band centered at approximately 709 nm, remote sensing algorithms use the spectral band centered at 681 nm for the estimation of PC concentration. For chl-a concentration, the spectral bands that showed a stronger relationship to chl-a were 442.5 nm and 620 nm. Based on these findings, the importance of collecting accurate and precise in situ radiometric data is highlighted. Moreover, it is important to emphasize that in situ hyperspectral R rs data from Lake Erie is essential for the development of new tools. Therefore, future work should focus on a large field campaign of radiometric data in Lake Erie, especially during the CHABs season.
